Streamflow information is of great significance for flood control, water resources utilization and management, ecological services, etc. Continuous streamflow prediction in ungauged basins remains a challenge, mainly due to data paucity and environmental changes. This study focuses on the modification of a nonlinear hydrological system approach known as the time variant gain model and the development of a regressive method based on the modified approach. This method directly correlates rainfall to runoff through physically based mathematical transformations without requiring additional information of evaporation or soil moisture. Also, it contains parsimonious parameters that can be derived from watershed properties. Both characteristics make this method suitable for practical uses in ungauged basins. The Huai River Basin of China was selected as the study area to test the regressive method. The results show that the proposed methodology provides an effective way to predict streamflow of ungauged basins with reasonable accuracy by incorporating regional watershed information (soil, land use, topography, etc.). This study provides a useful predictive tool for future water resources utilization and management for data-sparse areas or watersheds with environmental changes.
INTRODUCTION
Sustainable water resource management practices rely heavily on the accurate modeling of hydrological processes at watershed scales. In particular, numerical predictions of continuous streamflow is of paramount importance in a variety of fields, such as irrigation planning, flood control, engineering structure design, water resources utilization, and ecohydrological services (Parada & Liang ; Razavi & Coulibaly ; Cibin et al. ) . In practical applications, however, we often need to deal with many ungauged or poorly gauged basins without adequate and accurate streamflow observations (Sivapalan et al. ) .
These data-sparse basins often exist in mountainous areas (Castellarin et al. ) , unregulated regions (Stainton & Metcalfe ), and rural or remote areas (Makungo et al. ) . Some gauged basins may also change to be ungauged when the previous streamflow information is no longer suitable to describe the hydrological responses to environmental changes, such as human-induced land use change. Furthermore, modified land surface processes in watersheds, e.g., heavily built terrains, will in turn influence the local hydroclimate via land-atmospheric interactions (Song & Wang a, b) , thus resulting in higher uncertainty in predicting hydrological responses in the region.
In general, an effective hydrological prediction system consists of an appropriate model structure, a set of calibrated model parameters, and accurate model inputs. The hydrological system approach (Singh ) is found to be flexible as compared to other conceptual models in data-sparse areas under uncertainty perturbation and environmental change (Xia ; Xia et al. ) . Xia () developed a nonlinear hydrological system approach based on Volterra functional series, known as the time variant gain model (TVGM) . The TVGM has been tested over ten different basins in China, Japan, the United States, and Australia (Xia et al. ) , and found to be effective for daily and hourly streamflow forecasting under different climate conditions (semi-arid and humid) with parsimonious parameters. For better predictability, a modified TVGM with two runoff types is proposed here and selected as the hydrological modeling approach for ungauged catchments in this study.
Model parameters are often calibrated based on previous observation data, which are unavailable at ungauged or poorly gauged sites. The lack of model calibration and verification due to the paucity of measurement data therefore requires a different methodology for parameter estimation. Previous studies have attempted to compare the three regionalization approaches, without reaching a clear consensus. This is mainly because these studies were based on a variety of catchment sets, climatic situations, donor catchment sets, catchment descriptors, and hydrological models, and comparisons were not made on the same ground (Oudin et al. ) . It is found that the best choice of regionalization approach is site specific rather than universal. With an appropriate hydrological model, regression approach works best in most warm temperate regions (Razavi & Coulibaly ) . While our study area of the Huai River Basin, China is located in a warm temperate region, the choice of regression approach is appropriate.
Our objective in this study is to predict 3-hourly streamflow for ungauged catchments by regression approach based on the modified TVGM. The structure of this paper is arranged as follows. First, the study area and data collection are introduced. In the next section, the modified TVGM is described followed by its validated. Based on the modified Figure 1 .
Available data
Considering the impacts of water projects in the study area, Zhang et al. () showed that the flow in the Table 1 ). The selected catchments include small, medium, and large basins with the drainage area ranging from 2,050 to 121,330 km 2 , as shown in Table 4 .
METHODOLOGY TVGM
Taking into account the nonlinearity of a hydrological system, a rainfall-runoff process can be expressed by a second-order Volterra functional series (Xia ; Xia et al.
;
Carassale & Kareem ) as:
where y is the system output (e.g., runoff), x is the system input (e.g., rainfall), h is a linear response function, g is a nonlinear response function, L is the system's memory length, t, τ, σ are time variants. Equation (1) 
where R is the rainfall excess, G is a time variant gain coefficient related to soil moisture conditions, X is the hydrological system input (i.e., rainfall), U is the response function, and Y is the hydrological system output (i.e., runoff). Here G can be written as:
where g 1 and g 2 are two parameters related to watershed properties that are not time variant, API is the time A is the catchment area; N p is the number of dominant rainfall stations; α is the mainstream slope; top is the topographical wetness index related to soil state; P is the long-term average precipitation; LON and LAT refer to the longitude and latitude of mean rainfall centroid respectively; d is the distance between the mean rainfall centroid and the corresponding hydrological station. 
Here, U 0 is a response function given by:
where K e is a parameter indicating the rate of soil moisture recession.
Substituting Equation (5) into Equation (4), and then combining with Equation (2), we have:
Substituting Equation (7) into Equation (3), we obtain an isomorphic representation of the second-order Volterra model as:
As a simple nonlinear system approach, the TVGM can be used for hydrological forecasting with reasonable accu- 
where R s is the effective rainfall for generating quick flow, G s is a time variant gain coefficient for quick flow and can be expressed as:
Similarly, baseflow is calculated by:
where R g is the effective rainfall for generating baseflow, G g is a time variant gain coefficient for baseflow and can be expressed as:
In Equations (10) and (12), coefficients g 1 , g 2 , g 3 , and g 4 are constants for a specific watershed.
In addition, unlike the flow routing process by using a single response function for all effective rainfall in the original TVGM as indicated in Equation (3) 
where u s and u g are the response functions for quick flow and baseflow, respectively. These functions are given by:
Here, n is a numerical parameter indicating the capacity of watershed storage, which is equivalent to the number of linear reservoirs; K is a storage-discharge parameter with the dimension of time (Nash ; Young & Beven );
and K g is the storage coefficient of ground water with the dimension of time.
Since rainfall data are usually recorded in discrete forms, the analytical forms of instantaneous response functions, i.e., u s , u g , need to be practically discretized for a given duration. The quick flow response function u s , viz.
the instantaneous unit hydrograph can be discretized using S-curve method (Sherman ; Cleveland et al. ),
while the baseflow response u g can be converted into a discrete form through the water balance equation by assuming 
where t is the current time step, T u is the duration of the u s , c ¼ A/(3.6 × Δt) is a coefficient to transform the unit of runoff volume from m 3 s À1 to mm, A is the catchment area in km 2 , Δt is the time interval in hour, R s and R g are effective rainfall in mm, KKG is a coefficient given by 
Derivation of model parameters
where Y s and Y g are quick flow and baseflow, respectively.
Substituting Equation (9) into Equation (19), we have:
Similarly, substituting Equation (11) into Equation (20),
we have:
The four runoff generation parameters (g 1 , g 2 , g 3 , g 4 ) can be calculated via the Householder least square method (Businger & Golub ) according to Equations (21) 
RESULTS AND DISCUSSION

Model calibration and verification
In this section, the modified TVGM is applied to 13 catchments in Huai River Basin. Due to limited data availability, lengths of data records for different catchments are different.
For each catchment, about two-thirds of the collected rainfall-runoff data were used for model calibration while the remaining third was used for model verification. The available data in calibration and verification periods for different catchments are summarized in Table 5 . As introduced previously, the parameters of the modified TVGM were calibrated via the Householder least square method and genetic algorithm, as presented in Table 6 .
From Table 6 , it is clear that the coefficients g 2 and g 4 are always positive, while g 1 and g 3 take values around 0 (either positive or negative). This can be physically explained based on the runoff generation mechanisms described in Equations (9) and KKG is found to be site-insensitive.
Two statistical metrics were used to evaluate the model performances, including the Nash and Sutcliffe efficiency (NSE) and the coefficient of water balance (CWB):
where Y obs and Y sim represent observed and simulated flows, respectively, and Y obs is the mean value of observed flow series. According to Equations (23) and (24), the model performance is better when NSE and CWB are closer to 1. The mean NSE and CWB values for each catchment at calibration and verification periods are presented in Under different combination cases, the empirical coefficients of the proposed model, being site-specific, will change correspondingly whereas the impact on the overall model predictability is insignificant.
In for Equations (25)- (28) 
where top is the topographic wetness index (m) related to soil attributes proposed by Beven & Kirkby ()
with a denoting the upstream contributing area per unit contour length and tanb denoting the local slope); h is the depth of soil layer (m); W f , W s , W w are field capacity (%), saturated capacity (%), and wilting point (%) of soil, respectively; f 1 , f 2 , f 3 are the fractions of grassland (RNGE), agricultural dry land (AGRR), and paddy field (RICE), respectively; AW is the available water capacity (in/ft), which indicates the inches of water needed to refill a foot of soil to field capacity.
Since a quick flow gain coefficient
, and g 2 is always positive, we have API ! À g 1 /g 2 . In Equation (25), À g 1 /g 2 , as a critical indicator of quick flow generation, is found to be dependent on land surface characteristics including topographic index and soil properties. When the soil moisture is saturated, the time variant gain coefficients for quick flow and baseflow can be represented by
The two flow generation coefficients are found to be dependent on different land use types, as shown in Equations (26) and (27). Due to the constraints of available water capacity, the coefficients of baseflow and quickflow gain factors are interrelated as in Equation (28). The left-hand side (LHS)
terms of Equations (25)- (28) With the six regression equations, i.e., Equations (25)- (30), we can calculate the model parameters for the remaining five catchments, Huangchuan, Luohe, Wangjiaba, Mengcheng, and Bengbu based on their own catchment descriptors. Then the modified TVGM was applied to reproduce all the observed streamflows at the outlet of each , 2002, 2004, 2006, 2007, 2008 for Wangjiaba station, and streamflows of 2000, 2002, 2004, 2005, 2007, 2008 we determine the ranges of calibrated parameters with the most probable values being site-specific so that the uncertainty resulting from equifinality can be reduced. Overall, 
